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ABSTRACT • I ‘ 
A common type of noise trading, the feedback trading, is 
used to develop a model for return distribution of an 
asset. It is shown that two crucial features of the 
feedback trading, namely, the noise trader generated 
uncertainty and the herding, will induce time-varying 
serial correlation and autoregressive conditional 
heteroscedasticity (ARCH) in the asset returns. Moreover, 
the volatality of the returns is not only correlated to 
their own lags, but also with the lag trading volumes. The 
noise trader generated uncertainty enables the survival of 
the noise trader themselves and their effect on the asset 
price. The herding behavior of the traders can give rise 
to feedback trading. The feedback trading model is 
estimated with an exponential autoregressive - quadratic 
generalized autoregressive conditional heteroscedastic in 
mean (EAR-QGARCH-M) model with lag trading volume using 
Hong Kong individual stock returns. Allowing for other 
stock returns regularities (day of the week effect, 
leverage effect and time varying risk preraia), the results 
suggest that noise trading exists. After assuming the 
fundamental component in the returns is identically 
independently distributed, the impact of the noise trading 





In 1990, Shleifer and . Summers wrote: "If the 
efficient markets hypothesis (EMH) was a publicly traded 
security, its price would be enormously volatile"^ Indeed, 
up to now, there is abundant evidence, both theoretical and 
empirical, supporting the EMH, but with at least equal 
amount rejecting such hypothesis. 
Friedman (1953) argued that the noise investors, who 
do not trade on information and bid prices away from 
fundamental values, will not survive, or will learn the 
error and become rational traders as they incur loss on 
average. Furthermore, if prices do not reflect fundamental 
values, the rational traders will arbitrage for the profit 
until the prices do. Therefore, noise traders cannot 
exist, and even when they exist, they still cannot affect 
the prices. On a more theoretical level, Samuelson (1965) 
proved that stock prices should follow a random walk if 
rational competitive investors require a fixed rate of 
return. Fama (1965) found that stock prices were indeed 
close to a random walk statistically, and so did many 
researchers^ since Fama (1965)• 
^Shleifer and Summers (1990) 
2Faina (1970) and (1976), and Abel and Mishin (1983) 
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However, since the 1980,s there have been many 
...‘‘� . ‘ • t evidences against the EMH. Shiller (1981) used volatility 
test to show that the volatility in the stock price could 
not be justified by the changes in fundamentals, suggesting 
that something other than the fundamentals affect the stock 
price, at least in the second moment. Poterba and Summers 
(1988) found that there was mean reversion in the stock 
returns in long horizon, though their methodology, such as 
overlapping samples, was subject to criticism. This result 
contradicts the random walk hypothesis. The empirical 
studies on earnings announcements also did not support the 
EMH, which predicts the prices will reflect any public 
information in a very brief duration, say several minutes.^ 
Instead, they found that the effect of earnings 
announcements on the stock return lasted for one or two 
days after the day of announcement. 
Reasons for the rejection of EMH are many. For 
example, there may be transaction costs in the market so 
that the investors will not arbitrage until the stock price 
has deviated from the true value large enough. However, 
this explanation still cannot resolve the regularly 
observed positive serial correlation in the stock returns. 
In Fisher (1966), nontrading was proposed as a possible 
cause for the positive autocorrelation. As the stock is 
not traded because of certain market imperfections, such as 
spor example, see Patell and Wolfson (1984), Lee (1992), Kim 
and Verrecchia (1991),and Morse (1981) 
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bid-ask spread, the information arriving at the end of the 
day appears in the stock price on the next day. However, 
Lo and MacKinlay (1990) provided evidence that the 
nontrading could not account for all the positive serial 
correlation found in the stock returns. On a rather 
different line of thought, Shleifer and Summers (1990) 
found that noise trading, especially positive feedback 
trading, could explain a range of phenomena that was not 
easily explained by the EMH. The phenomena included the 
persistent discounts in the close-end funds and the mean 
reversing behaviour of stock' returns. Therefore, in view 
of these counter evidences for the random walk hypothesis 
and the EMH, the noise trading hypothesis began to gain its 
support• 
The arguments for 七he true reason of the deviations 
from EMH is more than an academic debate. Noise trading, 
as a potential candidate to explain the departure, can has 
an impact on the economic growth. De long et al. (1989) 
showed that noise trading would increase the volatility of 
the stock price and create an additional risk on the 
equities, which, in turn, would reduce the level of capital 
stock and consumption of the economy. 
In the studies of the noise trading/ it is shown 
that, if the noise traders exist, the return of an asset 
^Shleifer and Summers (1990), De Long et al. (1990) and 
(1991) 
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bears two kinds of risk, namely, the fundamental risk and 
the noise trader risk. The fundamental risk is about the 
uncertainty of the future dividends of the asset. It is 
the noise trader risk, which addresses the uncertainty in 
asset price created by the erroneous trades of the noise 
traders, that plays a significant role in the theory of 
noise trading. Since the arbitrage of the rational traders 
on the asset is limited by the fundamental risk and the 
noise trader risk, the noise traders can then affect the 
asset price. Furthermore, if the noise trader risk does 
not cancel out across different assets (or cannot be 
diversified away), then the noise traders will be paid for 
bearing the noise trader risk. The noise traders can 
therefore get a higher expected return than the rational 
traders by bearing a larger amount of risk, and hence their 
survival becomes possible. 
Shleifer and Summers (1990) argued that the origin 
of the noise trader risk was the unpredictable investor 
sentiment. This conjecture can generate some implications 
which are consistent with some observations of the 
financial markets. One example they cited is the pricing 
of the close-end fund. It was observed that the market 
prices of the close-end funds were systematically below 
their fundamental values, which were the value of the 
securities in their portfolio measured in market prices, 
and the discounts on different close-end funds fluctuated 
together. These observations are consistent with the 
4 
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unpredictable investor sentiment argument, which can 
explain the discounts in two steps. Firstly, the 
unpredictable investor sentiment creates an additional risk 
on the funds compared to the portfolio of their constituent 
securities. Therefore, there should be a discount in the 
fund to yield a risk premium. Secondly, the sentiment 
affects the discounts of all close-end funds' so they 
should fluctuate together. However,七hey did no七 take a 
position on how investor sentiment moves. 
The herding model in Froot et al. (1993) gave 
insight to the problem. They suggested that the feedback 
traders, who always buy (or sell) after the prices 
increased； will be found if the speculators have short 
horizon and if the speculators conjecture that the majority 
are feedback traders. To see how, suppose a trader plans 
to liquidate his position in the near future. The trader 
can be better off if he chooses to trade on the information 
which will be subsequently impounded into the price by the 
trades of similarly informed traders. Therefore if a 
rational trader believes that most of the traders in the 
market are taking feedback trades on past information, he 
will adopt such a strategy too. Furthermore, if the past 
information set is very diverse, the herding behaviour will 
be smaller, as the traders will find that it is harder for 
them to guess which particular piece of past information 
the others will trade on. This mechanism tells a way how 
the investor sentiment moves and the origin of the feedback 
5 
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trading behaviour. 
In this study, a common type of noise trading, 
namely, feedback trading, is used to develop a model of 
return distribution of an asset.. Two groups of traders, 
namely, the rational traders and the feedback traders, are 
assumed to exist in the market. Each group is assumed to 
have a demand for an asset. Two crucial features are 
incorporated in the model. Firstly, the feedback trader 
demand is affected by past information. As the traders 
will think that it is less likely for a majority to trade 
on a particular piece of past information if much 
information has arrived in the market. Therefore the 
extent of feedback trading will be reduced as implied by 
the model of Froot et al. (1993). Secondly, a stochastic 
coefficient of feedback trading in the feedback trader 
demand function is used to capture the unpredictable 
investor sentiment. Then, the market return of the asset 
is determined by the market clearing equilibrium. The 
demand of the feedback trading is stochastic and therefore 
an additional uncertain component, which can be interpreted 
as the noise trader risk, other than the fundamental risk 
is added to the return of the asset. Since the asset 
return consists of an uncertain component which is affected 
by the time varying lag information, the model predicts 
that the return will follow a time-varying serially 
correlated and heteroscedastic distribution. These 
implications are then tested using the Honk Kong individual 
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stock returns. 
Then the proportion of noise trading in the daily 
individual stocks return data in terms of variance is 
estimated. After assuming some distributional properties 
of the return process, the proportion of the fundamental 
value variance in the total variance of the daily stock 
returns can be estimated. The upper bound and lower bound 
estimates of the impact of feedback trading will be 
calculated using a modified version of the model in French 
and Roll (1986)• 
In the following chapters, a feedback trading model 
will be used to fit the stock return data in the Hong Kong 
Stock Exchange, and the impact of the noise trading in the 
stocks of the Hong Kong market will be estimated. In 
Chapter 工工，the rationale for the noise trading will be 
reviewed, and in Chapter III a model used to test the 
existence of noise trading will be presented. Empirical 
tests for the feedback trading model will be discussed in 
Chapter IV. Estimates of the impact of noise trading are 




Shleifer and Summers (1990) proposed the basic 
rationale for the possibility that noise trading can affect 
the price of an asset. They had two basic assumptions: (a) 
there exist noise traders who are not fully rational in the 
sense that their demand for risky assets is affected by 
their beliefs or sentiments that are not fully related to 
the fundamental news, and (b) arbitrage by the rational 
traders, who trade on the expected returns based on 
perceived fundamentals, are limited by two kinds of risk; 
the fundamental risk and the resale price risk generated by 
the noise traders. The fundamental risk is about the 
uncertainty of the future dividend of an asset. To see how 
the fundamental risk limits the arbitrage, suppose the 
market price of an asset is overpriced relative to the 
expected future dividends and a rational trader sells short 
to arbitrage. But the actual future dividends may turn out 
to be very high and he will incur a loss at the arbitrage. 
It is this kind of fundamental risk that limits the 
arbitrage. The resale price risk, generated by the noise 
traders, is referred to the uncertainty of the asset price 
at liquidation of an asset. Suppose again that the market 
price of an asset is overpriced relative to the expected 
future dividends and a rational trader sells short to 
arbitrage. There is a chance that the misprice will be 
8 
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even greater over the investment horizon of the rational 
trader. This type of risk also deters the arbitrage of the 
rational trader. This resale price argument is valid only 
when the investment horizon of a rational trader is finite. 
Since, if the misprice is not corrected in the future, an 
arbitrageur can hold the asset and pay all the dividends in 
the future. By doing this, he can earn an expected profit 
which equals the amount of mispricing- However, Shleifer 
and Summers (1990) argued that the horizon should be short 
because of liquidity constraint and transaction costs. 
Further, they argued that the fundamental value of a stock 
is hard to observe, and therefore the arbitrage will be 
very risky, and highly limited. They concluded that the 
above two assumptions imply that noise traders can make the 
stock returns deviate from the fundamental values. 
De Long et al. (1990) showed that bearing the noise 
trader risk will be rewarded provided that the risk is not 
cancelled out across different assets. If the noise 
traders on average over-estimate the expected return and 
under-estimate the risk, they will on average allocate a 
larger proportion of wealth in the risky assets than the 
rational traders. Therefore the noise traders, bearing a 
disproportionate amount of risk that they create 
themselves, can earn a higher expected return, but with 
higher return variance than the rational traders. In De 
Long et al. (1991) , they presented a model of portfolio 
allocation by noise traders with incorrect expectations 
9 
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about return variance such that the noise traders can 
survive and come to dominate the market. The argument is 
similar to that of De Long et al. (1990). These results 
provide the theoretical base for the survival of the noise 
traders and their effect on the stock returns. 
From the above discussion, it is clear that the non-
diversifiable uncertainty generated by noise traders, i.e. 
the resale price risk of the unpredictable investor 
s e n t i m e n t , enables the survival of noise traders and their 
effect on the asset price. If not the resale price risk, 
any deviation of asset price from the fundamental value 
will be eliminated by the arbitrage of rational traders, 
consequently, the noise traders, even assumed their 
existence, cannot affect the asset price. 
However, the reason for the existence of noise 
trading is quite controversial. De Long et al. (1991) 
showed that noise traders can survive and come to dominate 
the market only at the cost of lower utility compared with 
the rational traders. There is no incentive to be a noise 
trader. Some explanations of the emerge of the noise 
traders are discussed below. 
In a short paper, Cutler et al. (1990) showed that 
if the fundamental traders had a delay response to the past 
information, due to some market imperfections, then the 
noise traders (in particular, the positive feedback 
10 
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traders) will earn a larger profit than the rational 
traders. The market imperfections can be transaction cost, 
information cost or processing cost. In this case, the 
current stock prices can be used to predict the future 
stock prices, so the positive feedback traders can take 
advantage of the delay response. 
V 
Arrow (1981) postulated that the existence of the 
noise trader might be the result of the irrationality of 
perception of an investor. People tended to (1) put too 
much emphasis on recent information, (2) be insensitive to 
judgements to sample size; and (3) change their believes 
with alternative frames of reference. In the experiments 
in Tversky and Kahneman (1974,1981), the subjects were 
subject to the representativeness heuristics which meant 
that an individual "judges the likelihood of a future event 
by the similarity of the present evidence to it", and 
"there is a tendency to ignore both prior information, what 
the Bayesian would call probabilities, and the quality of 
the present evidence, for exainple, the size of the sample 
used to present evidence".5 Arrow (1981) argued that it 
typified the excessive reaction to current information and 
the tendency to underestimate uncertainty, which seemed to 
characterize the securities and futures markets. Secondly, 
the unreliability of small sample is well-known, but it is 
a common judgement bias among people. A good example of 
the bias by econometrician will be the fixed level of 
5Arrow (1981)； italic in the quotation being original 
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significance regardless of the sample size. The 
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experiments also suggested that the drawing of inference 
depends on preconceptions, which may be true or false. For 
example, an innovation by a firm may boost the estimates of 
its prospects, even among sophisticated investors, well 
beyond any objective measure of possible future profit. 
The extraordinary price reaction is certainly the effect of 
the framing of the prospect in terms of innovation instead 
of the profit projection by objective financial analysis. 
Froot et al. (1992) found another reason for the 
existence of the noise traders in the financial markets. 
They showed that if the speculators have short investment 
horizons, they may herd on the same piece of information 
(trying to learn what other informed traders also know), 
even if that piece of information is completely unrelated 
to the fundamentals. To see how, suppose an informed 
trader plans to liquidate his position in the near future. 
He can profit on a particular piece of information only if 
it is subsequently reflected in the price by the trades of 
other similarly informed speculators. Hence, the trader 
can be better off provided that there are others in the 
market trading on the same piece of information as he does. 
Therefore, he argued that when a trader conjectures that a 
majority of the other traders are studying a particular 
piece of information, it is profitable for the trader to 
trade on that piece of information even if it is unrelated 
to the fundamentals. As a result, herding in financial 
12 
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market will be found. 
The existence of the noise trading is not only sound 
theoretically, but is consistent with a range of phenomena 
that cannot be explained by the efficient market 
hypothesis. Some of them will be discussed. 
The Japanese equities in the 1 9 8 0 c a n only be 
justified by unrealistic expected dividend growth rates and 
risk preinia/ The stocks sold at price earning ratios 
between 20 and 60, and the prices continued to rise. 
However, the high price earning ratio can be explained by 
the overoptimistic investor sentiment which is not related 
to the fundamentals. 
The existence of discounts in close-end funds cannot 
be explained by the EMH either. Close-end fund is the fund 
that holds portfolios of other securities and has a fixed 
number of shares outstanding. An investor can sell his 
shares of the close-end fund to other investors； but he 
cannot redeem the shares. The persistent discount of the 
price of the close-end fund is a problem for the efficient 
market hypothesis. However, it can be explained by the 
unpredictable market sentiment, which is not related to the 
fundamentals of the fund. Since the market sentiment is 
unpredictable, there are two kinds of risk in the close-end 
funds, namely, the fundamental risk and the resale price 
^Shleifer and Summers (1990) 
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risk (or noise trader risk) . As shown in De Long et al. 
(1990), bearing the noise trader risk will be rewarded 
provided that the risk is not cancelled out across 
different assets. Hence, if the investor sentiment about 
close-end funds also affects many other stock prices, the 
investors who bear the resale price risk should be rewarded 
as the risk cannot be diversified away. Then the close-end 
fund should be on average sold at a discount to compensate 
for the bearing of the additional risk in holding the fund 
rather than the constituent portfolio of securities. 
If the efficient market hypothesis is true, then the 
assets returns can well be explained by some economic 
forces. However, Roll (1988) pointed out that the 
systematic economic influences could account for returns of 
an asset only about 30% with monthly data and 20% with 
daily data, even at hindsight. The improvement was little 
even after taking the firm size, industries specific 
factors and news into account. These facts are consistent 
with the existence of the noise trading as a large 
proportion of the price movement is affected by the 
investment sentiment unrelated to the fundamentals. 
Among various kinds of noise trading, feedback 
trading is a very common strategy in the financial markets. 
A wide variety of trading strategies leads to feedback 
trading, which is initiated solely by past prices. The 
examples of this type of strategies are the use of stop-
14 
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loss order, the use of portfolio insurance strategy, 
liquidation of stock when the investor cannot meet the 
margin call, reallocation of portfolio with forecast based 
on the extrapolation of expectation, and. trend-chasing 
strategies. 
Andreassen and Kraus (1988) gave experimental 
evidence for the tendency for an investor to adopt feedback 
trading strategies. The subjects in their experiments were 
given a series of authentic stock prices, and were told 
that they were authentic. They were asked to trade after 
a new price had come, without affecting the new price. If 
the prices changed much after a period of large price 
changes relative to the period-to-period variability, the 
subjects would begin to buy when the price was going up and 
to sell when the price was going down. The result showed 
that the subjects were chasing the trend when the prices 
had changed significantly for a substantial period of time. 
Smith et al. (1988) was another experimental study 
for the trend chasing behaviour of investors. They 
examined the rational expectations model in a laboratory 
environment in which the dividend distribution and the 
traders' knowledge of it were controlled. The subjects 
were required to trade as in a financial market. Their 
results supported the view that the expectations were 
adaptive, i.e. "the change in forecasts from one period to 
the next is significantly and positively related to the 
15 
forecasting error in the previous period"" 
Wang (1993) proposed a reason for the existence of 
the feedback trading. He postulated that individuals 
followed a rule of thumb, i.e. adaptive consumption, to 
make their economic decisions. He proved that such rule of 
thumb behaviour was near-rational in the sense that it 
imposed only second-order welfare losses to the 
practitioners. This behaviour is rather co雇on as (1) 
there are problems of maximising skills, computational 
limitations, inferior information etc. such that it is 
difficult for an individual to maximise his utility all the 
time, and (2) the near rational behaviour may well be cost 
saving, as acquiring information and processing information 
are not costless. As a result of the presence of near 
rational agents, asset prices become excessively volatile 
and deviate significantly from their rational equilibrium 
levels, in particular, the asset prices will be positively 
s e r i a l l y correlated in the short term due to the adaptive 
consumption behaviour of near rational agents. 
De Long et al. (1990) gave three reasons why the 
positive feedback traders, who always buy after prices went 
up and sell after prices went down, would not be driven out 
of the market in chasing trends. Firstly, every episode 
may look different to the positive traders, and this limits 
their learning from the past mistakes. Moreover, a 
^Smith et al. (1988) 
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speculative bubble can last for several years, which 
further limits the speed of learning. Secondly, the 
positive feedback traders can save and return to the market 
even if they have lost money in trading erroneously. 
Finally, the positive feedback traders can earn a higher 
expected return as they create the resale price risk and 
bear a larger amount of risk than the rational traders. 
The implications of the theoretical model with 
positive feedback traders in De Long et al. (1990) were 
consistent with some empirical findings. Their model 
generated the returns of an asset that showed positive 
serial correlation in short period, but negative serial 
correlation in longer period. The positive feedback 
traders, who buy after the prices increased, cause the 
positive serial correlation in the stock returns in short 
term and the rational traders, who arbitrage to make the 
price return to fundamental, cause the negative serial 
correlation in long run. These features of asset returns 
are supported by studies such as Fama and French (1988), 
and Poterba and Summers (1988). 
Therefore there are profound reasons, both 
theoretical and empirical, to believe that the feedback 
trading can and does exist in the financial markets. In 
the next chapter, a simple model is developed utilizing two 
important features of the noise trading, namely, the 
unpredictable investor sentiment of the noise traders and 
17 
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FEEDBACK TRADING MODEL FOR ASSET RETURNS 
AS discussed in the preceding chapter, the feedback 
traders are likely to exist and affect the market returns 
of an asset. In this chapter, a feedback trading model 
will be derived in Section A. It is found that the return 
will be time-varying serially correlated and 
heteroscedastic if the feedback trading exists. Then a 
review of econometric models for the stock return 
distribution, and a testable feedback trading model are 
presented in Section B and Section C respectively. In 
section D and Section E, other possible causes for time 
varying serial correlation and heteroscedasticity are 
discussed• 
A. The Feedback Trading Model 
A simple model® is developed for the distribution of 
the stock return. Assume there are two kinds of agents, 
namely, the rational traders and the feedback traders, in 
the market. The rational traders, who invest on the basis 
of rational forecasts of future returns, increase their 
holding of shares as expected return is high: 
8 This is a modification of the models in Senetana and 
Wadhwani (1990), and Cutler et al. (1990) 
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- ^ (1) 
where 二 只t ' ^ t 
where D,., is the fraction of shares that they wish to buy, 
Rt is the ex-post return in period t, is the expectation 
operator conditioned on the information available at period 
t-i, a is the expected return at which the demand for 
shares by this group is zero, M is the risk adjustment 
factor, and 9,/ with a mean zero and variance aeS is the 
random component of the return that results from the 
innovation in fundamentals. 
Note that if the rational traders are the only kind 
of investors in the market, the model will become a 
c o n s t a n t required return model of asset pricing: 
Pi t = 0 
‘ (2) 
. . . = cc 
The second group, the feedback traders, trade on 
I 
past returns, and their demand function is given as: 
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where is the information arrived in the market and the 
extent of consensus available at period t-1, which may or 
may not be related to the fundamentals, and Yt is the 
coefficient of feedback trading. 
positive feedback traders, with Yt > buy after the 
prices increased. The reason for positive feedback trading 
could be (1) the use of stop loss orders or the portfolio 
insurance strategies; (2) a preference for declining risk 
aversion with wealth; (3) the margin call-induced-selling 
after the period of negative return; (4) the use of 
technical analysis models designed to detect trends, or (5) 
the extrapolative expectation. Negative feedback traders, 
with Yt < 0 , are the investors u s i n g profit taking 
strategies or targeting for a constant share of wealth in 
a particular risky asset. 
There are two features in the feedback traders' 
demand function that yield critical statistical properties 
in asset return which can be verified in the ex post data. 
Firstly, the feedback trading coefficient is stochastic 
because the traders can shift between positive and negative 
feedback trading over time. For example, investors may 
employ stop loss order at one instance, and profit taking 
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strategy at another; a particular technical analysis model 
may indicate that a trend in the price of a particular 
asset is formed at one instance, and a reversal at another. 
If the traders adopt different feedback trading strategies 
at different time, the extent and the direction of the 
feedback trading will be changing over time. The 
stochastic feedback trading coefficient can be used to 
capture this characteristics. Alternatively, a stochastic 
feedback trading coefficient can also be interpreted as the 
unpredictable investor sentiment. Suppose the rational 
traders know that the noise traders are on average too 
optimistic today and hence they will on average become less 
optimistic later. However, the rational traders do not 
know when this will happen, as the noise traders can be 
even more optimistic at first. It is this uncertainty, 
which creates an additional resale price risk other than 
the fundamental risk, that makes the survival of the noise 
traders possible. The noise trader risk deters the 
arbitrage of the rational traders and enables the noise 
traders to earn a higher return than the rational traders. 
Therefore, the stochastic coefficient of feedback trading 
in the feedback trader demand function can be used to 
capture the unpredictable investor sentiment. 
The second feature is that the extent of feedback 
trading depends on past information. Studies on earnings 
announcements^ found that the returns and volatility both 
9see Morse (1980), and Bernard and Thomas (1990) 
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before and after the day of announcement were abnormally 
high, suggesting the existence of the trading on past 
information. Alternatively, given Rt-i, if the amount of 
information arrived at period t-1 is large (small), the 
feedback traders will trade on a more diverse (similar) set 
of past information, and the demand of the feedback traders 
for shares tends to decrease (increase) as the herding is 
great (small). Hence the feedback trading will have a 
small (big) effect on the prices. This can be illustrated 
by the herding model of Froot et al. (1993). Suppose the 
traders have short investment horizon and believe that 
majorities in the market are feedback traders such that 
they trade on past information. It follows from Froot et 
al. (1993) that they will herd on some particular pieces of 
past information. If the information arrived in period t-1 
is more diverse, the herding behaviour will be smaller, as 
the traders will find that it is harder for them to guess 
which particular piece of information the others will trade 
on. Therefore the amount of past information will affect 
the extent of feedback trading. 
With these two features, the existence of the 
f e e d b a c k traders can imply time-varying return volatility 
and time-varying return serial correlation. To derive the 
above results, first note that the market clearing 
equilibrium requires: 
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which, by substituting the demand functions (1) and (3) in 
equation (4) respectively, yields: 
= a + \iYt 工 t-iRt-i (5) 
= cc + + 曰 t 
After taking expectation conditional on t-1, it gives: 
E卜lUt) 二 a + (6) 
Assuming 6, and Yt are uncorrelated, the conditional 
variance of the returns can be obtained easily: 
= 4 + (7) 
where Var,-i(Rj is the variance of Rt conditional on t-1. 
Therefore both of the conditional mean and 
conditional variance of returns are time-varying and 
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determined by past information.^® 
In empirical testing of the model, a proxy for the 
information process is needed first. Note that both the 
return volatility and the trading volume are related to the 
process of information. Copeland (1976), using a 
theoretical model, showed that the extent of disagreement 
among information recipients has an impact upon trading 
volume, no matter the information arrival is sequential or 
simultaneous. An equilibrium model was constructed in 
Huffman (1992), in which optimizing agents, who possess 
differential information, choose portfolios based on 
expected future returns. He showed that in some instances 
the level of trading volume was associated with the 
information. Kim and Verrecchia (1991) used a two-period 
rational expectation model to study the investors' reaction 
lONote that a simplified version of the model c a ^ j g 二 j 
return process with an autoregressive ^  conditional 
Seroscedastic (ARCH) effect. Suppose, the demand 0 3 ， = 
fSdback traders is independent of past inforination and the 
mean of the coefficient of feedback trading is zero. 
t： 二 丫 t 灭 w h e r e Yt " i-i-d. NiO.o^) 
The 'market clearing equilibriuin Yields the j 二 二 ? 
process with the f o l l o w i n g conditional mean and conditional 
variance: 
丑T-I (灭T) = « 2 
Var^.^iRt) 二 A卜{x^O^^RI^ 
By substituting the lag return , the conditional 
variance becomes: 
where e卜工 二 i^t-i 一 丑t-2 ("^t-i) 
which is a quadratic ARCH process. (For a discussion on 




to public announcements. The investors, with different 
private information, achieved their optimal portfolios 
before the announcement. The public announcement then 
changes their beliefs and their portfolios will be 
readjusted. They showed that -the trading volume was 
proportional to a measure of differential precision of 
information across traders. In Holthausen and Verrecchis 
(1990), they used a partially revealing rational 
expectations model of competitive trading to identify two 
effects of information release: an informedness effect and 
a consensus effect. The informedness effect measures the 
extent to which agents become more knowledgeable, and the 
consensus effect measures the extent of agreement among 
agents at the time of an information release. They showed 
that each effect can affect both the variance of price 
changes and trading volume. ^^ Therefore, trading volume 
and return volatility may be used as proxies for the 
process of information. 
Nevertheless, two points should be noted before a 
testable feedback trading model is obtained. Firstly, 
other regularities in the individual stock returns should 
be accounted for in order to avoid their effects on the 
result of the empirical testing of the model. Secondly, 
the method that the proxies for information are arranged 
should yield a model that has well-known statistical 
iiKaroff (1987) gave a survey of the relationship among 
trading volume, return volatility, and information. 
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properties. In order to obtain a such testable model, a 
review of the characteristics of individual stock returns 
and the econometric models developed in the literature will 
be helpful. 
B. Review of the Models for the Stock Return Distribution 
There are four stylized facts in the distribution of 
the individual stock returns: 
(1) The first is the well-known fact presented in 
Mandelbrot (1963): large changes in stock returns 
tend to be followed by large changes, of either 
sign. This observation, known as volatility 
clustering, can be modelled by the serial 
correlation in variance. 
(2) The second is the observation, though the 
existence of the rather mixed evidence, that 
positive (negative) return is followed by 
positive (negative) return. This can be modelled 
by autocorrelation in stock returns. 
(3) The distribution of the stock return exhibits 
negative skewness and excess kurtosis when 
compared with the normal distribution. The thick 
tail return distribution can be related to the 
27 
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j fact of volatility clustering. Suppose e^  is a 
stochastic process with conditional mean and 
conditional variance as follows: 12 
飞 - 1 ( ^ 0 • (B) 
2 \ at = Vart-i(et) = ^t-i^^t：) 
Let Zt = eJcJt , which has conditional mean zero 
and a time invariant conditional variance of 
unity. Then by Jensen's inequality 
E(cl) = E{zt)E{Gl) 
E(et) ^  E{zt) [E{ol)]' (9) 
E{e\)/[E{zl)]' ^ E{zt) 
And the strict inequality holds if a, is time 
variant. This shows that a random variable, 
which is conditional normally distributed, is 
leptokurtic if its conditional variance is time-
varying. Therefore the volatility clustering, 
which addresses the autocorrelation in the return 
variance, can cause excess kurtosis in the return 
distribution. Other two studies, French, Schwert 
and Stambaugh (1987), and Campbell and Hentschel 
(1992) suggested that the "volatility feedback-
effect could cause the negative skewness and the 
i2The discussion below is taken from Bollerslev (1993) 
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excess kurtosis in the stock returns. Volatility 
f e e d b a c k addresses the effect of the changes of 
the volatility on the required returns and thus 
on the levels of stock prices. . Campbell and 
Hentschel (1992) illustrated the rationale 
clearly: 
"Suppose there is a large piece of good news 
about future dividends. Large pieces of 
news tend to be followed by other large 
pieces of news (volatility is persistent), 
so this piece of news increases future 
expected volatility, which will in turn 
increases the required rate of return on 
stock and lowers the stock price, dampening 
the positive impact of the dividend news. 
NOW consider a large piece of bad news about 
future dividends. Once again, the stock 
price falls because higher volatility raises 
the required rate of return on stock, but 
now the volatility effect amplifies the 
negative impact of the dividend news. Large 
negative stock returns are therefore more 
common than large positive ones, and the 
amplification of negative returns can 
produce excess kurtosis. 
i^campbell and Hentschel (1992) p 283 
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(4) There is also "leverage effect", as noted by 
Black (1976) and Christie (1982)‘ which refers to 
the tendency for changes in stock prices to be 
negatively correlated with volatility. This is 
due to the financial and operating leverage. The 
fall of the value of the firm will increase the 
financial leverage as the debt remains fixed, and 
thus the equity becomes more risky. The more 
volatile equity, in turn, increases the required 
rate return on the stock and lowers the stock 
price. 
In order to account for some of these 
characteristics in the stock return distribution, Engle 
(1982) suggested the use of the Autoregressive Conditional 
Heteroscedasticity Model (ARCH)• The process e, is an ARCH 
process if, 
(1。） 
h,'- a ^ t (11) 
Where R, is the ex-post return, h^  is the conditional 
variance of e,, and a“ a and b are constant. This model, 
which is autocorrelated in the conditional variance, can 
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use conditionally normal distribution to generate a 
negative skewed, long tailed, but unconditionally 
uncorrelated distribution. This model avoids using some ad 
hoc distribution to fit the special statistical 
characteristics of the stock returns. Usual estimation 
procedures, such as Ordinary Least Squares (OLS) and 
Maximum Likelihood (ML), and usual hypothesis testing 
methods, such as asymptotic normal test, likelihood ratio 
(LR) test can be used in this type of models. Other than 
resolving the negative skewness and e x c e s s kurtosis, using 
the ARCH can also give more efficient estimates when 
applied to financial data than the commonly used O L S , as 
OLS ignores the serial correlation in the conditional 
variances. 
Numerous research using ARCH models have appeared in 
the last twelve years since the introduction of the ARCH 
process by Engle (1982). Bollerslev et al. (1992) 
presented a detailed survey on the usage of the ARCH model 
in the financial markets. The ARCH process is found to be 
very successful and parsimonious in describing the returns 
in many financial markets. For instance, Engle and Mustafa 
(1992) reported there were statistical significant ARCH 
effects in the individual stock returns; Akfiray (1989) 
identified the ARCH effect in index returns；and Schwert 
(1990) found the ARCH effect in the futures markets. In 
the foreign exchange markets, Bollerslev and Domowikz 
i�See French and Roll (1986) 
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(1993) found the ARCH process described the interbank 
foreign exchange returns satisfactorily. In the bond 
markets, Weiss (1984) estimated ARCH models on monthly AAA 
corporate bond yields, and found very significant ARCH 
effect. 
Bollerslev (1986) improved the ARCH to Generalized 
ARCH (GARCH) by allowing the conditional variance to be a 
ARMA process. The conditional variance of an GARCH 
process,6口 is defined as: 
ht … t 汉ieli + i^ht-j (12) 
i=l J=l 
Bollerslev (1986) showed that GARCH process was more 
parsimonious and adequate when compared with the ARCH 
process. 
Brown et al. (1988) showed that failure to account 
for changes in required returns can produce predictable 
patterns of ex post returns subsequent to the arrival of 
"uncertain" information. Therefore, a time-varying risk 
premium is fitted in the GARCH model for the return 
process. In Engle et al. (1987), a conditional variance 
term was added to the mean equation as a proxy for the time 
varying risk premium. The ARCH-M model is given as follows, 
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乃t … | > i e 2 t - i + : f > J � . （14) 
i=i j=i 
However, as stated in Nelson (1991)‘ the GARCH model 
cannot accommodate the leverage effect. He suggested the 
exponential GARCH instead. On the other hand, Engle 
(1990), Senetana (1991), and Campbell and Hentschel (1992) 
proposed the Quadratic GARCH (QGARCH) to account for the 
leverage effect. The QGARCH-M is given as follows : 
Rt = b “ ht + e, (15) 
h, = a -<t)i)2 + i 仏-j (16) 
G "f-rf 7=1 
2=1 J 丄 
Where captures the leverage effect. A non-zero <p, will 
cause an asymmetric effect of the lag residuals on the 
c o n d i t i o n a l variance. If is positive, the lag residual 
with a positive magnitude will has a smaller effect on the 
conditional variance than the lag residual with the same, 
but negative, magnitude. Therefore, with a positive the 
conditional variance increases more after the price 
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decreases than after the price increases, and the leverage 
effect is accommodated. 
Day of the Week effect, which may consider as an 
evidence of noise trading, is another well-known anomaly 
from EMH in the stock market. Keim and Stambaugh (1984), 
Rogalski (1984), and Harris (1986) documented that the 
return tended to be negative in the day just after the 
weekend. Some explanations have been put forward, such as 
specialist-related bias, settlement period hypothesis and 
broker's bias. However, they are unsatisfactory. In this 
study, dummies for the day of the week will be introduced 
in the conditional mean and conditional variance equations 
of the QGARCH-M to account for the day of the week effect. 
This modified model will be used as the base model for 
comparison, which is the follows: 
^ (17) 
b^^, + b^^, + + b^,, + S QiRt：-, + S乃t + et iC"" X 
p 
h,- a^^ a…冗 + a 而 , + ap,, + gaje.—i 一 办i��^^) 
+ E 丫 j=i 
where D,,, DH. and D^ , are the dummy variables for 
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Tuesday, W e d n e s d a y , Thursday and Friday respectively. 
C. A Testable Model 
A testable feedback trading model can now be 
derived. Since both the trading volume and the return 
volatility are related to the process of information, the 
information effect to the conditional variance can be 
approximated by the QGARCH model with lag trading volume in 
the conditional variance equation: 
p 
ii亡=a对 + a 而 + a^^t + W + ^ F^Ft + E^i^^t-i " 巾 i ”� ” 
+ E yjK-j + E c 八 
‘ I 
Where V^ -k is the lag trading volume. 
The time-varying (on the information one period ago) 
serial correlation can be approximated by the exponential 
autoregressive model (EAR) of LeBaron (1992) in the 
conditional mean equation. The EAR model is shown below: 
+ ^ h, H- (20) 
f�ht�=bi+b2e — 
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where b] is the scale parameter. The stability of the EAR 
model was proved in LeBaron (1992). Therefore the full 
testable feedback trading model becomes: 
Jb知 + + b^ut + ^PFt + + 叫 
fih,) = b, + b 广 
(21) 
P 2 
= a对 + a一了t + a^c + + ^f^rt + E 一 小i) 
j=l k=l 
summing up, the feedback trading model predicts that 
the time-varying serial correlation, the ARCH effect, and 
the lag trading volume effect can be found in the stock 
return distribution. Other studies argued that the serial 
correlation, and the ARCH effect and the lag trading volume 
effect may be caused by other factors. We will discuss 
these factors in the following two sections. 
D. other Sources of Serial Correlation 
It is observed that the daily individual stock 
returns exhibit slightly positive first-order serial 
c o r r e l a t i o n T h e r e are several views on t h e sources o f 
the serial correlation in individual stock returns. They 
are discussed below. 
issee Faitia (1970) , and Fama (1976) 
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Scholes and Williams (1977), and Lo and MacKinlay 
(1990) suggested that infrequently trading (nonsynchronous 
trading) would be the source of serial correlation in 
individual stock returns. The observed prices of a stock 
are the executed prices of the consecutive trades. Because 
of the transaction cost or delayed response, the trading of 
the stock may not be continuous. If this is the case, the 
observed prices of a stock will seem to reflect news with 
a lag. (especially the news near the end of the trading day) 
To see how, suppose that the news comes into the market 
near the end of a trading day, and the stock is not traded 
until the next trading day due to the market imperfections. 
Then the price will reflect the news at the first trade in 
the coining day. Therefore the nonsynchronous trading can 
cause serial correlation in the observed individual stock 
returns• 
Time varying required return suggested by Keira and 
Stambaugh (1986) , and Faina and French (1988) is the second 
possible source of the serial correlation. They argued 
that the serial correlation of the changing risk aversion 
and expected volatility can cause the required return to 
exhibit autocorrelation accordingly. However, Poterba and 
summer (1988) argued that the risk factor and the expected 
volatility could not explain the statistical 
characteristics of mean reversion of the stock return. If 
the changing expected volatility causes the serial 
correlation, the expected volatility process should be 
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first increasing and then decreasing. However, French, 
Schwert, and Stambaugh (1987), and Poterba and Summers 
(1986) suggested the volatility was persistent and always 
decreasing instead of increasing first. Even if the risk 
factor matters, the variance of the expected returns is too 
small to explain the serial correlation in the stock 
returns as suggested in Poterba and Summers (1988). 
Moreover/ if stock returns are accounted by the risk 
factor, the stock price could predict the future movements 
of the discount rate. Nevertheless, Campbell and Shiller 
(1988) found no supporting evidence. 
The third explanation is the transaction cost as 
argued by Mech (1993) . A rational trader will not trade on 
the new information as long as the trading profit cannot 
cover the transaction costs, such as the bid-ask spread and 
the brokerage fee. These will induce a positive serial 
correlation in the individual stock returns. 
E. Other Sources of ARCH Effect 
There were many explanations proposed for the ARCH 
effect in the returns of the financial markets, and they 
are discussed here. 
Diebold and Nerlove (1989) suggested that the 
persistency of the information arrival process could be a 
potential explanation for the ARCH effect. When the 
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"quality of new information" in the market is serial 
correlated, the ARCH effect can be found. Returns 
volatility is likely to be high provided that the 
disagreement of the coming information is high. When the 
coming information is easily and unambiguously interpreted' 
the volatility is likely to be low. Therefore, when the 
qualities of the information is serially correlated, 
persistently low or high level of return volatility, which 
is what the ARCH model is in七ended to address, will be 
observed. Studies on trading volume, which was usually 
interpreted as the quality of information in the market, 
showed that trading volume is serially correlated and 
supported their hypothesis. 
A related approach to investigate the source of ARCH 
effect was the time deformation of time series introduced 
by Stock (1988). He showed that the ARCH effect observed 
in the return series could be the result of the non-
synchronization of the calender time and the economic time. 
Economic time is the time scale based on the pace of 
aggregate economic activities or information flow. For 
example, in a factory output time series which covers a 
period with a strike,"七he serial correlation in the series 
might best be captured using a time scale based on the days 
during which the plant was operating, rather than simply 
units of calendar time."^^ It is because the better time 
scale for the factory output series is the economic time 
i^Stock (1988), p.77 
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based on the days during which the plant was operating, as 
the economic activities is suspended in the strike. For 
the financial market returns, the sampling interval, such 
as daily or monthly, may not synchronized with the economic 
time of the concerning time series. Therefore, the 
variances of the return in the calender time scale can be 
autocorrelated, even if they are actually constant in 
economic time scale. 
Lamoureux and Lastrapes (1990), and Laux and Ng 
(1993), following Clark (1973), and others, posited that 
the mixture of distributions hypothesis and time-varying 
rate of information arrival rate could be the cause of ARCH 
effect. The mixture of distributions hypothesis assumed 
that the magnitude of price change was proportional to the 
information arrived in the market and the trading volume 
could be used as the proxy of the amount of information. 
Therefore, as the information arrival rate, so as the 
trading volume, was serially correlated, the return 
volatility would be autocorrelated too. Laiuoureux and 
Lastrapes (1990) reported that if contemporaneous trading 
volume was included in the conditional variance equation of 
a GARCH model to fit the stock returns, the lag squared 
residuals and lag volatilities had no effect on the 
conditional variance. However, their result may be subject 
to a serious simultaneity bias, since contemporaneous 
volume and price data may be generated by a set of 
simultaneous relationships. 
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Engle, Ito, and Lin (1990) proposed another 
explanation, the time consuming information assimilation, 
for the ARCH effect. After a shock, traders might have 
heterogenous beliefs and private information. It took a 
few hours of actual trading to have an expectational 
difference resolved. It was this market mechanism that led 
to the persistent of returns volatility clustering. 
There were other explanations at the inacroeconomic 
level. Glosten et al. (1991) found that nominal interest 
rate could explain the return volatility. The inclusion of 
the nominal interest rate in the conditional variance 
equation led to a decrease in the volatility persistence. 
Attanasio (1991) reported stock returns volatility was 
significantly affected by the dividend yields. 
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ESTIMATION OF THE FEEDBACK TRADING MODEL 
A. Data Description 
The feedback trading model described in Chapter III 
is estimated using Honk Kong stock market data. Data was 
taken from the Pacific-Basin Capital Markets (PACAP) 
Database, which is developed by the Pacific-Basin Capital 
Markets Research Center, College of Business Administration 
at The University of Rhode Island. PACAP consists of 
historical capital market data for Hong Kong from January 
1, 1980 to December 31, 1992. There are two definitions 
for the daily return of the individual stocks. One is the 
daily return with cash dividend reinvested and the other 
without cash dividend reinvested. The two definitions of 
daily return have similar sample means, skewness, kurtosis. 
The first definition is chosen for this study, which is 
calculated by the following formula: 
P , X A X (1 + 八 + 〜 一 1 (22) 
t 一 Pt-i + (Ps X X � 
where P^  is the closing price at time t, A^  is the number of 
shares that one original becomes at time t, A^ is the 
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allocation rate for stock dividends at time, A3 is the 
‘ , 
allocation rate for rights offering and P3 is the 
subscription price for right o f f e r i n g . ” The number of 
shares traded, which is the number of shares traded on a 
trading date, is used as a proxy for the trading volume. 
Data on the value of shares traded are not used as their 
statistical characteristics, such as the sample mean, 
variance, skewness, kurtosis, are very similar to the 
number of shares traded. 
There are two institutional changes in the Hong Kong 
Stock Market trading system in 1986. Firstly, the four 
stock exchanges unified to one single exchange named Stock 
Exchange of Hong Kong Limited on 2 April 1986. The 
significance of this institutional change was evident by 
the fact that the average turnover increased from about 
HK$250 million to over HK$1 billion. Secondly, afternoon 
trading session on Wednesday has been started since 8 July 
1986.18 These two structural changes may have affected 
stock returns, volatility and trading volume, as stated in 
Chan and Chan (1993). Therefore the sample period is 
chosen to start from 8 August 198 6, one month after the 
start of Wednesday afternoon trading, to 31 December 1992. 
The actively traded stocks are chosen from the Hong 
i^ For detailed description, see PACAP Databases User's Guide 
(1992) 
ispor a detail discussion of the institutional features of 
the Hong Kong stock market, see Chan and Chan (1993) 
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Kong Stock Exchange in order to prevent thinly traded 
stocks whose prices may be manipulated. Moreover, 
Lamoureux and Lastrapes (1990) suggested that actively 
traded stocks were most likely to have a large amount of 
information arrived. There are two classification criteria 
to define "actively traded stock": (1) the constituent 
stocks of the Heng Sang Index, the most commonly used Hong 
Kong market index with constituent stocks valued around 70% 
of the total market capitalization, and (2) the stock 
traded in every trading day concerned. This study uses the 
first criterion. From August 6, 1986 to December 31, 1992, 
there are some stocks that were deleted from or added to 
the Heng Sang Index. Only those included in the Heng Sang 
index for the whole sample period are selected. Hence only 
22 stocks remain. Among them, the ten most heavily traded 
stocks in terms of the value traded are selected. The 
company names, the number of observations and the sample 
periods are listed in Table 1. Due to trade suspension for 
special occasions such as merger and acquisition, major 
ownership changes and major asset transactions, the number 
of observations may be different. Each stock is assigned 
a stock code and the stocks will be referred by their stock 
code hereafter. 
Table 2 reports the summary statistics for the 
return data of the sample stocks. They display the 
properties which are common to many financial times series: 
negative estimated skewness and excessive estimated 
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company code Size Period 
China Light & Power Co. Ltd. ' CHL 1584 8/8/86-31/12/^ 
HongKong Land Holdings Ltd. HKL 1574 S/8/86-31/12/92 
Jardine Matheson Holdings Ltd. JMH 1580 
Hutchison Whampoa Ltd. HW 1571 12/92 
sun Hung Kai Properties Ltd. SHK 1578 8/8/86-31/12/92 
HSBC Holdings Pic HSBC 1578 S/8/86-3y12/92 
Hang Seng b L r Ltd. HSB 1584 8/8/86-3^12/92 
HongKong Electric Holdings Ltd. HKE 1511 {12/92 
Che^g L n g (Holdings) Ltd. CK 1578 8/8/86-31/12/92 
New World Development Co., L t d . 丽 D 1583 8/8/86-31/12/92 
Notes: T denotes the number of observations 
Stock Code is a code assigned to a company 
kurtosis compared to normal distribution, implying an 
asymmetric and fat-tailed distribution. The large negative 
skewness indicates the existence of volatility feedback. 
Table 2 also presents the results of the ARCH corrected 
Box-Pierce Q, test, discussed by Diebold (1988), on the raw 
data. The usual Box-Pierce Q. test leads to spuriously 
significant sample autocorrelation if the presence of the 
ARCH effect is not accounted for. The ARCH corrected Box-
Pierce autocorrelation test suggests that, after corrected 
for the ARCH effect, there is no serial correlation in the 
returns in the order of 10. Also, the autocorrelation of 
order 1 to 10 (not reported) are not significant using ARCH 
corrected Bartlett standard errors, suggesting that there 
is no constant serial correlation in the return data after 
correcting for ARCH effect, j 
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TABLE 2 
Summary Statistics of Stock Returns 
Stock excess 
Code mean skewness kurtosis Qx(lO) Qxx(lO) 
CLP 0.00113* -3.88* 65.77* 6.86 44.34* 
HKL 0.00125* -2.26* 45.52* 9.00 103.57* 
JMH 0.00129* -3.16* 44.16* ^.85 107.63* 
HW 0.00092 -3.10* 46.05* 9.40 76.04* 
SHK 0.00155* -4.56* 71.08* 9.68 59.57* 
HSBC 0.00101* -1.65* 22.78* 9.97 80.16* 
HSB 0.00147* -2.81* 42.46* 9.99 99.86* 
HKE 0.00110* -1.40* 32.30* 5.78 341.80* 
CK 0.00127* -2.34* 32.25* 10.95 96.73* 
NWD 0.00116 -4.30* 67.87* 9.51 30.19* 
Notes: (1) Q^(IO) is the ARCH corrected Box-Pierce statistic for 
the stock returns. , ^ 
(2) Q is the Ljung-Box statistic for the squared returns. 
(3) The test for the skewness and excess kurtosis are in 
Kendall and Stuart (1958). The null hypothesis of both 
test are the statistic equals zero. 
(4) * denotes significant at the 5% level. 
Previous studies documented that there is strong 
heteroscedasticity in the stock returns. Table 2 provides 
the Ljung-Box Qn statistics for the squared data. Under 
the null hypothesis of identically independent distribution 
(i.i.d.), Mcleod and Li (1983) showed 七 hat the 
autocorrelation for the squared data (Pxx) is asymptotically 
a standard normal distribution and that Qxx(K) is 
asymptotically a chi-squared distribution with K degrees of 
freedom. The squared data exhibits more substantial 
autocorrelation than the raw data, indicating strong 
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conditional heteroscedasticity• 
B. Estimation 
1. Base Model 
To model the conditional heteroscedasticity, the 
ARMA model with QGARCH-M errors (the base model of 
equations (17) and (18) on page 34) proposed by Weiss 
(1984), Bollerslev (1988), Engle (1990), and Engle et al. 
(1987) is used. This base model will be used as a 
reference to make comparison. 
Weiss (1984), and Bollerlev (1988) suggested a two 
step procedure in determining the lag length m, p and q. 
Simple preliminary identification tools, similar to that of 
ARIMA process, are used to avoid the time-consuming 
nonlinear estimation involved in other model selection 
criteria such as Akaike, Schwarz, and LR test. In the 
first step, ARCH adjusted Box-Pierce Q^  statistics and 
autocorrelation coefficients of the raw data are used to 
determine the lag length m. In the second step, the lag 
length of p and q is identified by inspecting the 
autocorrelation function (ACF) and partial correlation 
function (PACF) of the squared residuals from the ARMA 
process obtained in the first step. Note that the 
estimated correlations for the squared residuals, under the 
null of no ARCH effect, are asymptotically normal with mean 
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0 and variance 1/T.^ ^ (where T is the sample size) The 
maximum order of p and q is set to be 5, which allows the 
ARCH effect up to one week. 
In step one, the ARCH adjusted Box-Pierce test and 
asymtotic normal test using Bartlett standard errors 
indicate that there is no serial correlation in the stock 
returns up to order 10 in all sample stocks. As a result, 
m is found to be 0 for all stocks. For step two, the ACF 
,PACF and their variances are presented in Table 3. The 
lag orders m, p and q which are found to be significant at 
the 5% level are reported in Table 4. 
Numerical maximum likelihood is used to estimate the 
QGARGH-M model with the above lag orders. Assuming e^  are 
normally distributed, the log-likelihood function is: 
L O ) = 
1 ‘ e2 (23) 
The algorithm of Berndt, Hall, Hall, and Hausman 
(BHHH�（1974) is used to maximize L(e) • In some sample 
stocks, the use of an alternative algorithm of Broyden, 





































































































































































































































































































































































































































The lag length for the conditional mean and variance 
Stock Code 
CLP HKL JMH HW SHK HSBC HSB HKE CK NWP 
m 0 0 0 0 0 0 0 0 ? ^ ? 
p 1 2 1,4 1 1,4 1,3 1,3 1,2 1,4 1 
q 1 1,3 1,4 1 1,4 1,3 1,3 1,2 1,4 1 
Note: m denotes the order of autoregression in the return. P,q 
denote the order of the lags of the squared resxduals and the 
volatility in the conditional variance equation respectively 
in equation (17). 
Fletcher, Goldfarb and Shanno (BFGS”� seems to converge 
with a higher log likelihood value. Therefore in the 
estimation process, the BHHH is used as a preliminary 
method and BFGS as a checking algorithm. The a's and y's 
are restricted to be positive by estimating their square 
roots, which ensures that the conditional variances of the 
returns to be positive. The initial values for the lag 
residuals and volatilities are set to be the mean and the 
variance of the raw return series. The unconditional 
variance of e, exists if the sum of a's and y's is smaller 
than one. Existence of higher-order unconditional moments 
needs further restrictions on the a's and y's. (See Engle 
(1982), and Weiss (1986) for details) 
Insignificant (at the five percent level) estimated 
parameters, except the intercepts and the coefficients of 
2�For a detailed discussion of the algorithm, see Press et 
al. (1988) 
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the dummy variables, are dropped. In all cases, the 
likelihood ratio (LR) test also supports the dropping of 
the insignificant variables. The LR test is given by, 
LRiq) = 2(MaxL(0g+i') - MaxLiQ^) ) (24) 
which follows asymptotically a chi-squared distribution 
with 1 degree of freedom, and is the parameter vector 
with q parameters in the GARCH model. The LR test is also 
used to select between QGARCH and the QGARCH-M. It is 
shown in the previous studies that the required return, if 
not being accounted for, will lead to a spurious serial 
correlation in the returns. The risk premium is 
approximated by the contemporaneous conditional variance 
and standard deviation. Finally the estimated base models 
are obtained and the results are shown in Table 5. 
The results can be briefly summarized as follows. 
In all cases except HSBC, the time-varying risk premium 
term is not significant at five percent level, no matter 
using conditional variance or conditional standard 
deviation as proxy. The leverage effect is also found only 
in some of the samples (HKL, HW, SHK and NWD)• Turning to 
the sample mean, skewness and excess kurtosis of the 
standardized residuals, the GARCH models are shown to be 
useful in correcting the asymmetry and long-tailness of the 
raw stock return distribution. The negative skewness and 
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V Table 5 
Estimated Results of Base Models 
Stock . excess 
Code model mean skewness kurtosis 
CLP GARCH -0.011 -0.479: 5.208: 
HKL QGARCH -0.028 -0.058* 2.706 
JMH GARCH -0.015 "0.521^ 4.531 
HW QGARCH - 0.013 -0.289* ， 二 * 
SHK QGARCH -0.010 -0.477 4.359* 
HSBC GARCH-M -0.019 -0.004^ ^.053 
HSB GARCH -0.009 -0.274^ 
HKE GARCH -0.008 -0.193 3.126 
CK GARCH -0.019 -0.044^ 3.62^* 
NWD QGARCH -0.004 -0.464 3.812 
Note: (1) * denotes significant at the 5% level 
(2) Tests for skewness and kurtosis are found in Kendall and Stuart 
(1958), and tests for the mean are t-tests 广 “ “ 口 ,.^^^ (3) Mean? skewness and excess kurtosis are those of the standardized 
residuals of the model concerned 
the excessive kurtosis are reduced by a large extent 
(comparing those values in Table 2 and Table 5). However, 
the distribution of the standardized residuals are still 
significantly different from the normal distribution in 
terms of the third and four moments. 
2. The Feedback Trading Model 
The feedback trading model predicts 七hat there will 
be time-varying serial correlation in the return series, 
which can be approximated by the exponential autoregression 
(EAR) in the mean. Other than the lag volatilities, lag 
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trading volume is also used as a proxy for information. 
Therefore the exponential autoregressive-QGARCH in mean 
(EAR-GARCH-M) model with lag trading volume effect 
(equation (21) on page 36) is estimated for the sample 
stocks. The scale parameter, h^ , is difficult to be 
estimated simultaneously with bg using a gradient type of 
algorithm. Therefore h^  is set equal to the sample variance 
of the raw return, as suggested by LeBaron (1992)• 
In addition, if both the lag trading volume and the 
lag volatility are good proxies for the information 
process, then they should also be significant in the 
conditional variance equation. However, the feedback 
trading model does not give any clues about which lags of 
trading volume should be included. It will be determined 
empirically. There are many commonly used tools to 
identify the number of lags of a variable, such as Akaike 
Information Criterion, Schwarz Information Criterion and LR 
test. in order to obtain parsimonious lag structure and 
avoid the time—consuming non-linear estimation, 
underfitting method together with the LR test^ ^ is used. 
Starting with lag one of trading volume, the lag variable 
will be dropped until its coefficient is significant at the 
five percent level using the LR test. The searching 
procedure continues until the significant lag is found. 
2iBollerslev et al. (1993) stated different model selection 
criteria, such as SIC and AIC, have unknown statistical 
properties in the ARCH context 
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The maximum lag is arbitrarily set to five so that the lag 
information effect can last as long as one week. The 
results of the estimated models for the ten stocks are 
presented in Tables 6-15. All ten sample stocks exhibit 
significant EAR in both the LR .test and t-test at the 5% 
level. Significant lag trading volume effect is found in 
eight out of ten of the sample stocks. 
The Ljung-Box test and Langrangian Multiplier (LM) 
test for serial correlation, ARCH test in Engle (1982) and 
the LM test for ARCH effect, are used for diagnosis 
checking for the adequacy of the EAR-QGARCH-M model with 
lag trading volume to describe the serial correlation in 
the mean and the conditional variance respectively, but the 
results are not reported. These tests suggested that there 
are no serial correlation remain in the standardized 
residuals and squared standardized residuals in an order of 
5. The model seems to be adequate in eliminating the 
serial correlation both in the mean and in the condition 
variance. 
The results are summarized here. (i) The estimates 
of the parameters that govern the dynamics of the variance, 
a's and y^s, are generally not sensitive to the changes in 
the model specification, such as the addition of the EAR, 
the addition of the lag trading volume, and the addition of 
the risk premium term. The sums a's + y's, which indicate 
the persistence of the GARCH effect, vary from 0.54 to 
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TABLE 15 
Estimated Model for NWD 
usable Observations 1579 Degrees of Freedom 1564 
Function Value 5782.04527517 
Variable Coeff T-Stat 
b ； -0.003339* -2.86646 
々 -0.001126 丄 ? 5 = 
t 一 0.000194 = 3 
^ -0.002263* -2.16993 
U" 0.002640* 3.68904 
B1 _0.059750* -2.82450 口 , 0,394* z.jizj/ 
f 0.000123* 20.29556 
0.00004196^ ^'27098 
， 0 . 0 0 0 0 7 6 2 5 ^ 9 . 6 0 4 9 3 
J 0.00004320* 5.51275 
0.00008041* 10.44372 F n nnR^* 27 .42204 
al nio88^ 11.86268 
T 9.40966 
Statistics on standardized residuals 
二 二 ？ 二 107112485 variance 




denotes statistic significant at the 5% level 
(2) the estimated model is: 
’ b^^, + b^^, + bpHt + ^ F^W + f (ht) Ht-i + ^e 
f{h,) = Jb, 




Estimated Model for HKL 
I __i • 111 ••»11 • I ‘ I ' ' " " " - I " “ ‘ ‘ ‘ 
usable Observations 1569 "'el^sf '''' 
Function Value 5606.13885156 
. ^^ T-Stat Variable Coeff 
bM -0.0052820 - 二 二 
b" 0.0001293 • 二 8 
b； -0-0003599 \ ,;-83280 
bH - 0 . 0 0 1 7 5 5 0 i • 二 5 b 0.0032480* ] F n 1 f； *^ - 4 . 1 5 5 0 7 B1 0 6.15738 
f . 2 : ^ 0 0 0 8 7 1 . 7 二 0 
^^ 0 . 0 0 0 0 2 4 9 * 2 二 
a 0.0000027 ： 二 二 
2.786 X 10-9 ^.02672 
a" 2 . 054 X 10-9 二 • ？ 二 F r^  no^：* 8. 1 7 2 6 0 al 0.086* 73952 
7l 二 二 10.75632 
I'lf 13.54607 
F 5：587 X 10-12* 8.69752 
Statistics on standardized residuals 
Observations 1576 , o .994349 
二^ TTUDle Mean -0 • 0280357769 Variance ^ ： 二 8 
ItanSrfError ••9971703751 SE of Sample Mean 0 •OSSllB 
t-Statistic -1.11615 
Skewness -0.05815 
Kurtosis 2.46999* —— 
d e n o t e s statistic significant at the 5% level 
'(2) the estimated model is: 
= � + Jb^Tt + bAt + ^ HDH. + bpFt + 只仁-1 + 
fUit) = b, + 妙 3 
二 a,午 a^r. + a A - + + : y 〜 一 小 1)2 + 




Estimated Model for JMII 
usable Observations 1575 Degrees of Freedom 1559 
Function Value . 5410.37634153 
Variable Coeff T-St^t 一 
b. -0.006468 二 
C -0.001048 n'lAll 
b； 0.0005713 ^Vllllo 
b: -0.003002* ^-^2429 
bp • � • 二 4 7 * 5052B 
f 0 孟 00 • 二 M ？ 277 X 10-8* 0.09194 
a^ / X 丄^ » 8 7 0 9 8 
aw 0 . 0 0 0 0 6 0 2 V V o g l o 
a " 0 . 0 0 0 0 0 3 6 4 * ^ g g g 
0 二 6 9 . 6 6 3 5 9 
7 1 u . H i j 00171 
/I 0 0 1 9 * J*/：么丄 / 丄 , n o^ lic 46.64675 二 ；：293 X 10-12* 2.33062 
Statistics on standardized residuals 
s S i r n i ^ r -o!Si5363B8B4 Variance 0 • 二 Error 0.9995365210 SE of Sample Mean •••46 
t-Statistic -0.61099 
Skewness -0.52111* 
Kurtosis 3 . 68122* — -
‘；!)^*''denotes statistic significant at the 5% level 
(2) the estimated model is: 
' ' R, 二 Jdm + b^,, + i W + bJD肚 + b^,, + + 
aAt 十 ^^wt + ^ iPnt + ^ A t + 
+ E 丫A-j + 卜2 i-1,4 
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TABLE 9 
Estimated Model for HW 
usable Observations 1566 Degrees of Freedom 1550 
Function Value 5399.68859416 
variable Coeff T-Stat 
BM -0.004102* 'I'LILLL 
b二 0. 001010 rZAl 
0.000006 0.00645 
b： 000777 二 
Oo.OiJ1J53 一 ： 二 
二 7 . 4 1 8 0 6 B2 0.541* 14959 5 0.009274 I 19920 a 0.0000689* M 5 1797 X 10-u 0.00384 T^ V 10-12 0.00168 
0： 0 0043B' 5 . = 
a" 0.0000503 t'lllll F n 1-7R* 16.25950 
二 二 6 4 . 8 3 1 1 5 7l 0.765* 51339 二 0.003038* 二 丄 jjy 
Statistics on standardized residuals 
Observations 1571 . n oROfm 




denotes statistic significant at the 5% level 
'(2) the estimated model is: 
R.-b^-^ b^,, + b^,, + hp,, + + + + 
f(h,) = b, ^  




Estimated Model for SHK 
Usable Observations 1573 Degrees of Freedom 1556 
Function Value 5470.96410443 
Variable Coeff 
-0.003153* -2.81133 
b^ 0.000575 0.59867 
b： 0.001047 1-23806 
P -0.001173 -1.40215 
0.002303* 5.58300 
0 209* 3 .75028 
a-r X 丄u 74079 
a 0.0000214* • 二 丄 = 
， 0 . 0 0 0 0 3 1 5 * 4 . 9 3 ， 二 
i a" 6.154 X 10-9 0-00138 
二 n 62.83749 
«� S15 二 111.73277 
巧 n ni7* 4.20236 
； : S: 二 6 》 . 二 
二 二 。 - 1 2 * 
Statistics on standardized residuals 
Observations 1578 ” . n 992475 
SamDle Mean - 0 . 0099348160 Variance ： 二 二 




denotes statistic significant at the 5% level 
(2) the estimated model is: 
R^ = JDm + bj^Tt + bPm + ^ H^Ht + ^ A e + (乃t) ^ t-i + 
f{h,) = b, 
= ap作 + ap阶 + a^肌 + a^,, + (e^-i一4>:L)" 
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TABLE 11 
Estimated Model for HSBC 
Usable Observations 1573 Degrees of Freedom 1556 
Function Value . 5835.41496388 
Variable Coeff 丁 - Stat 
b -0.002558* -2.67404 
fe -0.001321 • 二 n 
b" -0.001122 -1.529二 
b： -0.002158. - 2 . 7 二 
b" 0.001667* 
n nna 0.53494 B1 n'n71 0.57353 B2 0.071 . .of-n B9 4.189* 3.14360 
a •••0001849* 15.45686 
， 2.56 X 10-12 0.00063 
qT 0.00002036* 3.1024I 
J 0.00001803* 2.67959 
， 0 . 0 0 0 0 3 7 8 1 * - 7 . 4 2 0 6 3 0 249* 18. 69469 
0 * 2 3 2 * 7 . 3 4 6 6 8 
二 二 4 . 7 8 4 6 3 a3 0.067* 14756 了 3 0.284* 9.14/t)b 
Statistics on standardized residuals 
Observations 1578 , 995 
Sample Mean -0.0189160157 Variance 
s S a r d Error 0.9974978569 SE of Sample Mean ••025m 
.t-Statistic -0.75331 
Skewness 0,00435 
Kurtosis 3 ,75696* 
denotes statistic significant at the 5% level , •- ； 
'(2) the estimated model is: 
bp^, + bJD^, + b如 + + + e, 





Estimated Model for HSB 
usable Observations 1579 D e g r e e s of. Freedom 1563 
Function value 5831.17538902 
Variable Coeff 工 一 ^ 七^ 七 
b -0.001914* -2.12784 
^ - 0 . 0 0 0 8 4 5 - 1 • 二 二 5 
b - 0 . 0 0 0 1 4 1 - 0 . 1 8 9 9 3 
b： -0.000260 
& 0 . 0 0 2 3 0 4 . 一 二 忠 
B1 : - 0 • 二 * 2 OOsfs 
B2 0.260* ^9736 a 0.0001312* iz^ 
2 . 5 1 3 x 1 0 - 1 1 0 - 0 0 2 7 6 
/ 0 . 0 0 0 0 2 3 9 4 * 3 . 2 1 3 ， ^ aw 10 0.00765 a„ 1 . /e»y X 丄u 巧 5 1 0 a 0.0000123 F n 17.31104 
： 冗 ： 8 , 7 4 3 9 9 ^'llll 2.81437 a3 0.030* 05257 
y2 0.420* 
Statistics on standardized residuals 
Observations 1584 . i nm7fsn 
Samnle Mean -0.0091038922 Variance ^ 




"Jlf； denotes statistic significant at the 5% level 
(2) the estimated model is: 
R, = b^ + b^,, + b ^ t + b ^ t + i^ F^ Ft + + 它 t 
h…M 午 ^ ^T. + ap^附 + a^D肌 + aAt + E^ a 丄 + 
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TABLE 13 
Estimated Model for HKE 
usable Observations 1566 Degrees of�Freedom 1549 
Function Value 5876.74006819 
Variable Coeff T-Stat 
b, -0.001610 '^'I'illt 
& • • 0 0 0 7 4 8 5 二 2 
b: 0.002045* I oeill 
hi - 0.0001664 々 二 J 
b 0.0008725* 2.68526 
LL >0.109* -4.22472 n 1 AQ* 5.76388 B2 0.149* .OQ52 a 0. 0001336* 26.4.3yb^ 
9.659 X 10-7 0.54602 
a" 0.000233 0-29666 
， 0 . 0 0 0 0 0 7 1 4 1 . 6 0 1 ” 
a" ••0000244* 6. 二 ’ n 1RR* 32.64964 
二 • 巧 二 3 1 . 6 2 0 7 7 
二 二 1 3 . 6 3 0 4 8 
Slor* 63.24556 
；.257 X 10-"* 24.64468 
Statistics on standardized residuals 
Observations 1571 , �gg6396 
SamDle Mean -0. 0078850802 Variance 




denotes statistic significant at the 5% level 
(2) the estimated model is: 
/ • = + b^,, + b^,, + b^,, + bpFt + f^^t) Rt-i"- ^t 
h, = a^ 十 a^^, + a^^, + ^ A t + a/Vt + 
+ E 丫A-j + j-1,2 
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TABLE 13 
Estimated Model for HKE 
usable Observations 1573 D e g r e e s of. Freedom 1557 
Function Value 5464.92441095 
Variable Coeff 工 - Stat 
b -0.003583* -3.A5A52 
i： 0.000530 二 8 
b 0.001736* 二 二 
b: -0.001993* ^Vllsll 
bp 0� • 二 7 0 * r. 51558 
B2 0.265* 05784 
a 0.0001147* i.A 
y 2 547 X 10-" 0.00114 
0 00000163 0.24270 
a： 0.00001761* 2.63308 
� 0.00002385* 2.54951 0 224* 22.99462 al u.z/i 马 30483 
1 0 4 4 0 * 丄 n n ^ 2.49606 
冗 . 二 ： 1 1 . 2 4 6 9 0 
I' l.lll X 10-* 8.95777 
Statistics on standardized residuals 
Observations 157 8 • o 992506 
sample Mean .0157849011 Variance n ' m ^ I t a S L d Error 0.9962458084 SE of Sample Mean 0.025079 
七-Statistic -0.74783 
Skewness -0.04416* 
Kurtosis 3 ,22395* 
denotes statistic significant at the 5% level 
(2) the estimated model is: 
‘ R/二 JbM 今 b^^, + Jo^t + bp肚 + b知 + f (ht)灭t-i + 
ht = ^ M 十 ai^ Tt + a,附 + a^PHt + afiFt + 
+ E 丫 A� ’ + 
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TABLE 15 
Estimated Model for NWD 
usable Observations 1578 Def^sj二巧二doin 1562 
Function Value 5379.77991643 
Variable Coeff ? - Stat 
-0.005094* '^ .'Vnl^ .n 
& …0.002184* ^I'lllil bw -0.00000538 
bH -0.0008466 I jlhl 
bp �� • ? •�� • * 二 : 二 B1 -0.115* 54938 
B2 0.484* 7 007 8 
n 0 0 0 1 3 5 * 丄 “ / u u / o 
？ ： eS x 10- 二 2 I' 0.000596* � = w . ” n V in-� 0.00965 an 4-310 x 10 18705 R 045 X 10"® U• � tt/UD 
Bp X 丄u 22 19497 
乂 • 二 * 4 8 . 1 7 7 6 3 
7l 冗 • 二 9 * 7.87410 
f J : ? 二 0-12* 5.94234 
Statistics on standardized residuals 
s S i r n i r 'O'O0442709B1 Variance 0 • 二 




"flfr denotes statistic significant at the 5% level 
(2) the estimated model is: 
b^rt + b / V + ^ iPH. + + _ ^t-i + 
… M + a^re + a A t + ^ A t + ^ f^Ft + 
+ 丫 A-i + 
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0.94. This implies that the persistence of the feedback 
trading differs widely across different stocks. The sums 
of the estimated a's vary from 0.17 to 0.32, while that of 
Y's from 0.27 to 0.76. 
The half-life of a volatility shock, whose estimates 
are between 1 day and 3 days, is quite brief when compared 
with the half-life of 2 months to 6 months of the daily 
return of value-weighted CRSP (Centre for Research in 
Securities Prices) index in Campbell and Hentschel (1992). 
The estimated coefficients of lag trading volume 
range from 1.45 x to 1.26 x 10"^ °. Since the units of 
the trading volume and the conditional variance are 
different, the effects of the lag trading volume are not 
comparable in numerical terms. Therefore the standardized 
coefficients are used. Using this measure, the effects of 
lag trading volume are between 0.0069 to 0.053, which are 
much smaller than the effect of the lag residuals and 
volatilities. The result suggests that the trading volume 
is not as a good proxy for the information process as 
return volatility in some cases. 
The inclusion of the lag trading volume has little 
effect on the estimated coefficients of the lag volatility 
or that of the lag residuals. The changes of the sums y's 
(the autoregressive coefficients of the conditional 
variance) range from -0.00083 to 0.09, while that of the 
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sums a's + y's (the persistence of the variance) from -0.15 
to 0.037. The results suggest that the lag trading volume 
effect being significant is not due to its correlation with 
the lag volatility (as they may be generated by the same 
market mechanism), otherwise the changes in the sums Y's 
and suras (x,s + y's will be predominantly negative. 
(ii) The second result obtained is that there is in 
general a time-varying autoregressive component in the 
return process. As stated in Lebaron (1992), the serial 
correlation for high volatility period is close to b^ and is 
close to bi plus b, for low volatility. The serial 
correlations in the period of low volatility for the sample 
stocks are between 0.1 to 0.4, which are all positive. 
This agrees to the results of the previous studies that the 
individual stock returns exhibit positive serial 
correlation in high frequency samples (such as daily and 
weekly)• An interesting aspect of this result is the 
serial correlations at different levels of volatility. The 
serial correlations are positive when the volatility is low 
and decrease as the volatility increases. In the period of 
very high volatility, the serial correlations become 
negative except for stocks of JMH, SHK and CK, showing 
different serial correlation patterns across the sample 
stocks. 
The serial correlations range from -0.163 to 0.028 
in the period of high volatility. The magnitude is much 
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smaller than those at the period of low volatility, 
comfirming the effect of lag information effect predicted 
by the herding behavior. 
(iii) Turning to the parameter 中,which governs the 
leverage effect in the QGARCH model, it is found that only 
three sample stocks (HW, SHK, and NWD) exhibit the leverage 
effect and the estimated parameters are always positive. 
All of 七hem are significantly different from zero at the 5% 
level. 
(iv) There is no time-varying risk premium detected 
except for the sample stocks HW and HSBC. In other sample 
stocks, the estimated parameters are not significantly 
different from zero using the t-test and the likelihood 
ratio test. Two definitions for the risk premium, namely, 
the contemporaneous variance and standard deviation, are 
used in the test, and they give similar results. 
(V) Day of the week effect, which refers to an 
tendency of abnormal behaviour of the stock returns in 
different day of the week, is consistently found in the 
data. Although not all the coefficients are significantly 
different from zero at the 5% level, the mean returns on 
Monday are all negative and those of Friday are all 
positive in ten sample stocks. The results agree to the 
previous studies on the day of the week effect. 
Furthermore, the conditional variances are consistently 
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higher on Monday than those of Friday, though no formal 
test has been performed. 
(vi) The feedback trading model (EAR-QGARCH-M with 
lag trading volume) can reduce the excess negative skewness 
and the kurtosis of the raw return data of the sample 
stocks to a large extent in all cases. If the model of the 
EAR-QGARCH-M and the assumption of the normal distribution 
of the residuals is adequate, then the residuals implied by 
the models should resemble the distribution. The mean, 
variance, skewness, and kurtosis of the standardized 
residuals are computed, and shown in Tables 6-15. 
The sample means of the standardized residuals are 
all negative, but none of them are significantly different 
from zero at the 5% level. French, Schwert, and Stambaugh 
\ 
(1987), using the GARCH-M model to fit the stock index 
returns, found the standardized residuals exhibited 
n e g a t i v e sample mean, and were significantly different from 
zero. Campbell and Hentschel (1992) pointed out that the 
use of the QGARCH will eliminate the significant negative 
舶an of the residuals. This is because the QGARCH model 
allows for the negative skewness, as shown in the 
discussion of Section B of Chapter 工工工• 
The skewness of the standardized residuals in all 
cases except for HKL and HSBC are negative and 
significantly different form zero at the 5% level, using 
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the test statistics of Kendall and Stuart (1958). The 
excess kurtosis values are between 2.47 and 6.1, with all 
the values being significantly different from zero at the 
5% level. Campbell and Hentschel (1992) suggested that 
their model of the volatility feedback helps to explain the 
negative skewness and excess kurtosis in the stock returns. 
However, as volatility feedback contributes little to the 
analysis of the feedback trading and will not lead to any 
time-varying serial correlations, it is not incorporated in 
the feedback trading model. 
The effect of the inclusion of the EAR component and 
lag trading volume on the distribution of standardized 
residuals can be examined by comparing the statistics in 
Table 5 and Tables 6-15. The inclusion of the EAR 
component and lag trading volume in general corrects the 
excess kurtosis. The kurtosis decrease in all sample 
stocks except CLP, SHK, and NWD. This indicates that the 
EAR component and the lag trading volume can explain the 
extreme change in the stock return in two ways. Firstly, 
the EAR component can account for the positive serial 
correlation which generates more extreme value than the 
independent normal distribution. Secondly, the lag trading 
volume can be used to predict the increase in the 
conditional volatility. However, the distributions of 
standardized residuals from the final estimated models are 
still significantly different from the normal distribution 
in terms of skewness and kurtosis, 
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, (vii) Half of the estimated final models of the 
sample stocks are re—estimated using data from 20 trading 
days after the Stock Crash in 19 October 1987 to 31 
December 1992. The results are similar. There are 
significant ARCH effect, EAR effect, and lag trading volume 
effect in the daily stock returns. Therefore these effects 
are robust. 
C. Implications for Feedback Trading 
The feedback trading model predicts that there will 
be ARCH effect, lag trading volume effect, and time-varying 
serial correlation in the return of individual stocks. 
These hypotheses are supported by the data in the Hong Kong 
stock market. There are strong ARCH effect in the returns. 
The EAR component, which captures the time-varying serial 
correlation, is found to be significant in all the sample 
stocks. It eliminates part of the excess kurtosis of the 
raw stock return data. The lag trading volume can explain 
the conditional variance of the return of most sample 
stocks. 
In the preceding chapters, different explanations 
for either the serial correlation or the ARCH effect are 
discussed. However, such arguments cannot easily explain 
the joint existence of the two empirical observations found 




Firstly, the nonsynchronous trading argument cannot 
explain the time-varying serial correlation that shows 
different patterns across the sample stocks. If the 
nonsynchronous trading is the underlying cause for the 
time-varying serial correlation, the serial correlation is 
expected to decrease and approach zero with the volatility 
increases. As the volume is correlated with the 
volatility, if the volatility is large, the trading volume 
is expected to be large as well. Hence the effect of 
infrequently trading will be reduced, as the interval 
be七ween consecutive trades decreases with the trading 
volume. Therefore nonsynchronous trading cannot explain 
the negative serial correlation in the period of high 
volatility. Similar argument can be applied to the 
transaction cost approach too. 
Since there is no significant risk premium found in 
the sample stocks, the time varying required return does 
not seem to be the cause of the two phenomena here. 
Moreover, Poterba and Summers (1988) suggested that the 
risk factor could not significantly affect the stock 
returns, as the variance of expected return was too small• 
The persistence of the information arrival process 
suggested by Diebold and Nerlove (1989), the time 
deformation of time series by Stock (1988), and the mixture 
of distributions hypothesis by Lainoureux and Lastrapes 
(1990), though can explain the ARCH effect and the lag 
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trading volume effect, cannot account for any serial 
correlation in the returns. Therefore their hypotheses are 
rejected as the cause of the empirical regularities at 
hand. 
Engle, Ito and Lin (1990) proposed the time 
consuming information assimilation as the cause of the ARCH 
effect. If this hypothesis is true, positive serial 
correlation in returns will be observed as the investors 
are continuously processing and trading on the same piece 
of information for a period of time. However, the argument 
cannot explain any negative serial correlation in low 
volatility period. 
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CHAPTER V 
MEASURING THE IMPACT OF NOISE TRADING 
It is shown in the last chapter that feedback 
trading exists and affects the stock prices. They cause 
the time-varying serial correlation, the ARCH effect, and 
the lag trading volume effect in the daily individual stock 
returns. It is interesting to have an estimate for the 
impact of such feedback trading on the variance of the 
daily returns, since De long (1989) suggested that the 
noise trader risk could reduce the capital stock and the 
consumption in an economy, and this welfare costs of noise 
trading might be large if the magnitude of noise trading 
was large. 
To estimate the importance of the feedback trading, 
the daily return conditional variance is decomposed into 
three components. They are fundamental value component, 
noise trading component, and bid-ask error component. The 
bid-ask error term is used to account for the fact that the 
closing price bounces between the ask and the bid. The 
bid-ask error induces a negative serial correlation in the 
return even in the absence of the noise trading. 
Let each day's return consist of three independent 
components: a fundamental value component x 口 a noise 
trading component y口 and a bid-ask error component z,: 
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… t ” … t (25) 
Var{R^) = Var(x^) + Var(yt) + Variz^^) 
where Var (Xt) is the variance of the daily fundamental 
value, Var(Yt) is the variance of the noise trading 
component, and Var(zJ is the variance of the bid-ask error 
component. If the measurement errors are independent from 
day to day, the bid-ask error will induce a first order 
negative serial correlation. Therefore, let the bid-ask 
error be an order one moving average of et, which is 
serially uncorrelated: 
Zt = 一 台t-i 
var(z^)^ = 2var{e^) (26) 
variZf.) 
cov{z^, = -var (e,) = 
Note that it is unknown whether the e, follows an i.i.d. or 
an ARCH process. 
Empirically, it is very difficult to estimate the 
variance of these coinponents. However, the feedback 
trading model can shed light on the estimation of them. As 
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shown in equation (7), the feedback trading model predicts 
that the conditional variance of the daily returns can be 
decomposed into two components: the constant component and 
the autoregressive-moving-average component. The 
fundamental value component can be estimated by the 
constant term in the conditional variance equation. 
However, the model does not accommodate the bid-ask error. 
If it is assumed that the bid-ask error is an ARCH process, 
the ratio of this constant term to the conditional 
variance, VR, will measure the proportion of the daily 
return variance due to volatility of the fundamental value: 
TO 一 啦 ⑷ ( 2 7 ) 
^^ “ VariR,) 
Table 16 reports the ratios for the sample stocks. 
The numerical value of one minus the ratio VR will 
be a measure for the impact of the feedback trading. By 
assuming that the bid-ask errors has no effect on the 
actual daily return variance, this value is the upper bound 
for the proportion of the daily return variance due to the 
feedback trading. The lower bound can be derived by the 
following argument. ^^ 
22The method of deriving the lower bound estimates of the 
variance proportion of noise trading component is taken 
from French and Roll (1986), 
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TABLE 16 
The Ratio of the Fundamental Values Variance to the Daily 
Returns Conditional Variance (VR) 
Stock Variance Stock Variance 
Code Ratio (%) Code Ratio (%) 
CLP 34.3 HSBC ^^'^ 
HKL 6.2 HSB ^^ ^  
JMH 15.8 HKE ^I'l 
HW 9.3 CK I'l 
SHK 11.8 NWD 
Assume that the daily fundamental value component is 
serially independent, and the bid-ask error and the noise 
trading component are uncorrelated. The first order 
autocorrelation of Rt is: 
_ covjRt/^t-i) 
P尺t � var{R,) 
一 var{R(,) 
p^^variy,) - ^ var{z,) 
vaiiRt：) 
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combine equations (25) and (28) to obtain the 
following expression for the ratio of noise component to 
daily return: 
_ _ v a r ( y t ) _ Varjz^) 
V•^� 1 — 'WFIRJ 一 "vSFiR^ 
(29) 
Var(R^) 1 + 
where p,. is the first order autocorrelation coefficient of 
the noise trading component. Since p,. is not observable, 
the estimate of the variance proportion of feedback trading 
component cannot be calculated. Instead, the lower bound 
can be obtained by reckoning the autocorrelation 
c o e f f i c i e n t is bounded by one. Therefore equation (29) 
yields the lower bound for the estimate of the impact of 
the noise trading on the stock return variance, 
VaiiY^l 1 1 一 7 + ^ pR (30) 
Table 17 reports the upper and lower bound estimates of the 
impact of the noise trading for the sample stocks. 
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TABLE 17 
The Lower Bound and the Upper Bound of the Estimates of the 
Proportion of the Feedback Trading 
Stock Upper Lower Stock lipper Lower 
Code Bound(%) Bound(%) •Code Bound(%) Bound(%) 
CLP 65.7 31.1 HSBC 80.4 30.8 
HKL 93.8 36.6 HSB 86.6 32.4 
JMH 84.2 39.1 HKE 86.7 26.5 
HW 90.7 39.0 CK 91.5 39.4 
SHK 88.2 37.0 NWD 10.8 39.4 
Before interpreting the results, it should be noted 
that there are two problems with the estimation method used 
here. Firstly, the bid-ask error component is assumed to 
be an ARCH process. If this assumption is violated, the 
estimates of this method tend to underestimate the impact 
of noise trading in the daily return variance. Secondly, 
if the fundamental value component is an ARCH process, an 
overestimation of the impact of the noise trading will be 
obtained. 
However, the estimates for the impact of noise 
trading in Table 17 are valuable for several reasons. 
Firstly, it is very difficult to decompose the daily 
variance into the a fundamental value component and a noise 
trading component. So far, only French and Roll (1986) 
gave such estimates. In their study, the ratio of long 
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period holding return variance to daily return variance was 
. - - • 
used as an measure of the amount of fundamental value 
volatility in daily return variance in share. The ratio of 
six month holding period return variance to the daily 
return variance was used to estimate the lower bound of the 
impact of noise trading. However, as Poterba and Summers 
(1986) showed, the stock returns were mean-reverting in a 
period of four years or longer, which suggested that the 
effect of noise trading will not disappear until four 
years. Therefore there estimates may underestimate the 
impact of noise trading. 
secondly, this is the first study of this kind on 
the Hong Kong stock market. The e s t i m a t e s provide an rough 
idea of the effect of noise trading (in particular the 
feedback trading) in Hong Kong. 
From Table 17, it is observed that the lower bounds 
of 七 he noise trading variance proportions are rather 
constant across the sample stocks and around 35%. The 
estimate in French and Roll (1986) was about 5%, much 
smaller than the estimates here. Note that portfolio 
returns were used in the their study instead of the 
individual stock returns used in this study. Some of the 
noise trading variance may be diversified away in the 
portfolio returns. Furthermore, the use of the six month 
holding return variance to daily return variance ratio may 
underestimate the impact of the noise trading. 
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The estimates change only slightly when the Stock 
Crash in 19 October 1987 is excluded. Using the data from 
20 trading days after the Stock Crash to 31 December 1992, 
the upper bounds and lower bounds remain roughly the same. 
The changes are well below 5% on the down side. 
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CHAPTER VI 
CONCLUSION 
There are profound reasons, both theoretical and 
empirical, to believe that the feedback trading can and 
does exist in the financial markets. The noise trader 
generated uncertainty, limiting the arbitrage of ihe 
rational traders, enables the survival of the noise traders 
themselves and their effect on the asset returns. The 
herding behaviour gives incentive to be a noise trader. 
Empirically, noise trading is consistent with a range of 
phenomena in the financial markets that cannot be easily 
explained by the efficient market hypothesis. 
Feedback trading, which can originate from 
irrational perceptions, special trading strategies or 
extrapolative expectation, is a very common type of noise 
trading. A simple model of feedback trading is developed 
in this study. Two essential features are incorporated in 
the model: unpredictable investor sentiment and herding. 
Unpredictable investor sentiment creates a noise trader 
risk, in addition to the fundamental risk, on an asset so 
that noise traders can survive as they earn a higher return 
than rational traders by bearing more risk. Herding of the 
investors can be used to explain why some investors will 
act as noise traders. When most of the investors believe 
that most of the other investors trade on a particular 
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piece of past information, which may be unrelated to 
fundamentals, it is profitable for him to trade on the same 
piece of past information. It is because the asset price 
will be affected by such piece of past information as most 
of the investors trade on that information. It is shown in 
the model that the feedback trading can cause the time-
varying serial correlation, the ARCH effect and the lag 
trading volume effect in the individual stock returns. 
Since the extent of the feedback trading depends on the lag 
information as the amount of information affects the extent 
of herding, the stock returns will be time-varying serially 
correlated. The uncertain extent of feedback trading leads 
to the ARCH effect and the lag trading volume effect in the 
stock returns. Reasons other than noise trading have been 
proposed for this three distributional characteristics 
separately, but noise trading is found to provide a more 
satisfactory explanation. 
The testable feedback trading model, the EAR-QGARCH-
M model with lag trading volume effect, is estimated using 
the Hong Kong individual stock returns. The model is found 
to describe the data well. The EAR component is 
significant in all sample stocks while the lag trading 
volume effect is significant in eight out of ten cases. As 
the lag volatility and lag trading volume are used as 
proxies for lag information, the results suggest that the 
trading volume is not as a good proxy for the information 
process as return volatility in some cases. 
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The EAR component, the ARCH effect, and the lag 
trading volume component are significant even after the 
leverage effect, the volatility feedback effect, and the 
day of the week effect have been accounted for. Moreover, 
the three effects are robust to the exclusion of the Stock 
Crash in 19 October 1987. 
For the three distributional characteristics found 
in the study, namely the time varying serial correlation, 
the ARCH effect and the lag trading volume effect, no 
single alternative answers proposed in Sections III D and 
E can explain. However, certain combinations of them can. 
For example, the mixture of distribution hypothesis and the 
nonsynchronous trading together will yield stock prices 
behaving similar to what the feedback trading model 
predicts. The mixture of distribution hypothesis implies 
that the information comes in the market in clusters. With 
increasing amount of new information, the chance of non-
trading decreases, and hence the serial correlation also 
decreases. Then we will observe the three distributional 
characteristics found in this study. 
In particular, the mixture of distribution 
hypothesis and the time varying risk premium together is a 
competitive explanation to the feedback trading. Although 
the feedback trading includes a risk premium term in order 
to account for the effect of changing required returns, our 
models are only two ways to estimate the risk premium. For 
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example, in Kaminsky and Peruga (1990), the risk premium is 
due to the consumption risk, which is measured by the 
covariance between returns and the marginal utility of 
money. However, as the finding of the correct risk premium 
is beyond the scope of this study, only standard deviation 
and variance of the stock returns are used as estimates for 
the risk premium. . 
The comparison of the base models and the final 
estimated feedback trading models shows that the former 
produce similar persistence in the volatility and similar 
residuals in terms of mean, skewness and kurtosis. If the 
feedback trading model (EAR-QGARCH-M with lag trading 
volume) is the true model, the commonly used models (the 
base model QGARCH-M) can still produce the series of 
conditional variance which are reasonable approximation of 
the true series of conditional variance (of the feedback 
trading model)• . 
It is interesting to have an estimate for the impact 
of such feedback trading on the variance of the daily 
returns. De long (1989) suggested that the noise trader 
risk could reduce the capital stock and the consumption in 
an economy, and this welfare costs of noise trading might 
be large if the magnitude of noise trading was large. By 
assuming that the fundamental components in the return are 
i.i.d., the proportions of the noise trading induced 
variance are estimated to be about 35% of the daily 
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individual stock return variance. This may be 
overestimated because the fundamental value component may 
not be an ARCH process. 
There are three directions that deserve further 
research. Firstly, the feedback trading model can be 
applied to a portfolio with an appropriate measure of 
trading volume. The bounds of the point estimates of the 
proportion of noise trading induced volatility in the 
portfolio return variances can be compared to the 
counterparts of the individual constituent stocks. If the 
noise trading uncertainties cancel across individual 
stocks, the proportion of the noise trading induced 
variance in the portfolio returns should be smaller than 
that of the individual constituent stocks. Therefore the 
comparison of the bounds of the point estimates can be 
served as a measure for the existence of the non-
diversifiable resale price risk. Since the resale price 
risk generated by noise trading is essential for the 
survival of the noise trader, the evidence of its existence 
is valuable to the noise trading theory. 
Secondly, although evidence from our test suggests 
noise trading exists, the conclusion that the stock market 
is not efficient does not immediately follow. One common 
method to find out if the market is efficient is that 
whether an acknowledged investors can make an abnormal 
profit (after adjusted for transaction costs) from a 
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specific trading strategy. But the complication of this 
approach is the risk involved in such strategy cannot 
easily be calculated. As is evident in the discussion- of 
noise trading in Chapter 11, the noise trader risk is 
crucial in limiting arbitrage. 
Thirdly, in our feedback trading model, the residual 
distributions are found to be significantly different from 
normal in terms of skewness and kurtosis. Campbell and 
Hentschel (1992) reported that their model of QGARCH, 
incorporated with a fully worked out formal model of 
volatility feedback, is better in resolving the negative 
skewness and excess kurtosis. Another alternative solution 
to the problem would be to use non-normal distributipns 
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